Electric vehicles (EVs) are expected to play a critical role in future transportation systems. A number of countries have published roadmaps aiming to facilitate the adoption of EVs on the road. It is estimated that existing charging facilities will not be able to satisfy the tremendous charging demands of a dramatically increasing number of EVs. Following the rapid development of artificial intelligence and mobile communication technology, certain charging pricing mechanism is expected to influence the charging behavior of EV drivers. In order to maximize the working efficiency of highway charging facilities and the consumption of the renewable energy near charging facilities, this paper proposes a pricing methodology taking into account the charging facility service ratio, traffic flow and renewable energy generation. To support the adoption of the proposed pricing methodology, forecasts of hour-by-hour traffic flow and renewable generation as well as calculation of the shortest paths to different charging stations (CSs) are investigated. A road network testbed based on the Dublin traffic network is established to evaluate the proposed pricing methodology. It is discovered that for certain wind-rich CSs, the proposed pricing methodology can increase the consumption rate of wind energy by up to 82.97%, with an average improvement of 30.73%; for certain solar-rich CSs, it can improve the level of solar energy consumption by up to 59.50% and an average increase of 29.28% is achieved. The proposed pricing methodology can also reduce traffic jams to some extent at both peak and off-peak times.
Charging probability parameter when SoC is larger than 20% and smaller than 100% w c i,j,t Willingness of the j th EV driver to choose the i th CS considering the price difference at time t w d i,j,t Willingness of the j th EV driver to choose the i th CS considering the distance difference at time t l j Loyalty level of the j th EV driver S i,j Indicator that indicates if the j th EV driver has previously used the i th CS p i,t Charging price per kWh of the i th CS at time t p t Regional average charging price at time t α 0 , α 1 Constant related to w c Vehicle electrification has been considered as an effective way to achieve low-carbon transportation systems. A number of countries and areas have published roadmaps for low-carbon transportation (e.g. Scotland announced its commitment to phasing out petrol and diesel vehicles by 2032) [1] - [3] . Along with continuous price drop of battery packs in the past few years, electric vehicles (EVs) are expected to be cost-competitive compared with conventional fossil fuel based vehicles. It was estimated in [4] that EVs will be commercially competitive in nearly half of the US car market by 2020 if the battery pack price follows the decreasing price trend. Thus, it is predictable that EVs will become extremely important in future transportation systems. To accommodate the charging demand of EVs, it is essential to install a significant number of charging facilities/ stations and implement an effective management and pricing mechanism.
B. RELATED WORKS
The penetration of EVs bring opportunities and challenges to the power system and transportation network. Mobile energy storage units, peak-valley load fluctuation, traffic congestion management, renewable energy consumption and other topics have gradually become the research focus of EVs [5] - [11] . The flexible nature of EVs (spatiotemporal demand flexibility, autonomous charging station selection and path planning et al.) can be systematically leveraged to improve the operation of both power system and transportation system. [7] discussed the feasibility of deploying the EVs into the smart grid system. Both the ancillary services that EVs can provide to the grid and the side effects of the EV related technologies are presented in an intensive review. [8] took into account the interaction between the locational marginal prices determined by the independent system operator (ISO) and the charging demand influenced by the decision of EVs and Charging Stations (CSs). The collaborative scheduling strategy can integrate electrified transportation into power system to achieve a globally optimum solution. [10] presented the benefits of Plug-in Hybrid Electric Vehicles (PHEVs) from the perspective of pollution output, energy efficiency and sustainability of the transportation energy sector. In addition, the capacity of the grid to meet large adoption of PHEVs was also analyzed. [12] modelled the interdependency between the power systems and the electrified transportation networks and the Plug-in Electric Vehicles (PEVs) served as coupling agents to realise the interdependencies of the power and transportation networks. [13] proposed a two-stage approach to allocate EV parking spaces and distributed renewable resources (DRRs), which could reduce the distribution network loss. [14] developed a novel dynamic demand control method to coordinate the charging and discharging behaviors of EVs in the grid with high penetration level of renewable energy. A number of researches have been carried out in the field of EV charging pricing methodology [15] - [17] and pricedriven EV charging management [18] - [23] . [16] proposed a retail pricing mechanism implemented by charging network operators (CNOs), considering the interaction among CNOs, EV drivers and power system operator. In this work, optimal retail prices for CSs are designed to minimize the CNOs' electricity costs whilst the convenience of EV drivers can be improved. A route optimization approach for EVs was presented in [17] considering the time-of-use (TOU) electricity tariff. The proposed approach modelled the routing problem based on travelling salesman problem and mitigated the system peak load in the network. Schneider et al. investigated a routing method of EVs emphasizing on time windows and recharging stations, which ensured that the EVs could arrive at recharging stations within the limited battery capacity [18] . In [19] , a congestion management scheme for EV charging in urban areas was proposed. The proposed approach specified the charging price of charging facilities depending on the congestion level and available charging slots. A charging management scheme was modelled in [20] as the CS selection problem where the EV driver would select the CS with shortest distance or the shortest waiting time. Another study in [21] focused on EV charging management taking into account the trip duration and uncertainties of EV drivers. Most of the aforementioned researches modelled the EV charging management scheme as a logistics application where the willingness of EV drivers to get access to charging facilities, the renewable generation supply in the area and traffic congestion were not fully considered.
From the perspective of human behavior, certain researches have been conducted to measure its impact on the EV charging behavior. The major factors that could influence the EV driving patterns and charging behavior were investigated in [24] . It was found that the power of charging systems and the charging cost were two major factors affecting EV charging behavior. The Tokyo Electric Power Company presented a study on the impact of charging facility power on EV charging behavior [25] . The results showed that the charging durations were similar regardless of the power rating of the charger when EV drivers used non-residential chargers. Different EV owner groups also behaved differently when selecting CSs. More specifically, both private and commercial users preferred charging at stations that required a shorter detour whilst the charging cost had a larger influence on private users than commercial users [26] . Part of the findings presented in [27] could support the results of [26] that EV owners preferred the nearby CSs, and [27] also indicated that EV drivers inclined to choose CSs with less charging time. Similar findings were also presented in [28] - [31] .
There are several researches focusing on how an EV charging management scheme could be used to shape EV charging loads to match renewable energy generation. The feasibility of using EV charging scheduling to match the wind power was investigated in [32] , while [33] proposed an EV charging scheduling algorithm for buildings equipped with photovoltaic (PV) systems. The aforementioned charging management/scheduling approaches facilitated the renewable energy consumption by providing charging recommendations to EV drivers but the willingness of EV drivers to participate in the scheme was not fully considered. In addition, there are few researches on EV charging pricing methodology aiming to facilitate the use of renewable energy.
C. CONTRIBUTION
In this paper, a dynamic pricing methodology for the EV CSs to facilitate the renewable energy consumption is proposed, which takes into account the traffic congestion information, CS service ratio, renewable generation and charging demand. The contributions of this paper are summarized below.
(1) A pricing methodology for EV CSs that aims to facilitate the consumption of renewable energy is proposed.
(2) The willingness of EV drivers to select a CS is modelled based on the charging price, distance to CSs and traffic congestion information.
(3) Forecasting methods for traffic flow and renewable generation are evaluated.
(4) The performance of the proposed pricing methodology is evaluated using a traffic network model that is established based on the Dublin traffic system.
D. ORGANIZATION
The remainder of this paper is organized as follows: Section II describes the pricing methodology of CSs and how it is operated. Section III presents forecasting methodologies for highway traffic flow and renewable energy which support the operation of the CS pricing scheme. Section IV evaluates the performance of the proposed pricing scheme within the traffic network based on the real traffic network of Dublin. The conclusion is presented in Section V.
II. DYNAMIC PRICING METHODOLOGY OF EV CHARGING STATIONS
Following the predictable increasing penetration of EVs, CSs will become the major energy consumers in the electricity domain. Maximizing the usage of CSs and renewable generations within a flexible pricing environment will be an essential way to promote EVs and reduce surplus renewable energy. In this paper, a pricing methodology and the associated steps to implement such a pricing scheme in transportation networks is presented. The working principle of the pricing methodology is shown in Figure 1 .
Advanced IT technologies will enhance the availability of data (both historical and real-time) for traffic flow, renewable generation and CS operational states. Based on the collected data, the system will forecast renewable generations, CS charging demands and traffic flow for the next 1-24 hours. After that, the price of the CSs near renewable generation will be established according to demand and generation. EV drivers who need to recharge their vehicles will subsequently select CSs considering charging price, distance to the CSs and the available charging slots. It is expected that the pricing scheme will mitigate the gap between the charging demand and th renewable generation, and at the same time balance the traffic flow during the peak times.
To illustrate the detailed pricing mechanism, this section will introduce the dynamic pricing methodology in part A and the operation of the pricing methodology within the road network in part B. It should be noted that the mathematical models of CSs, traffic network and charging behavior are also included in part A.
A. DYNAMIC PRICING METHODOLOGY 1) OPERATIONAL STATE OF CHARGING STATION
The operational state of a CS indicates its servicing busyness level, which can be reflected by the ratio of occupied chargers to the total number of chargers at the CS. The operational state is expressed as follows:
The road traffic flow state is an indication of the busyness level of a road, which is calculated using current traffic flow and maximum road capacity. It is also called vehicle density.
Eq. (3) shows the expression of traffic flow rate.
3) EV CHARGING PROBABILITY EV drivers are expected to charge their EVs once the State of Charge (SoC) is low and the model of EV charging probability is established below based on the model proposed in [33] .
When the SoC of an EV is below the threshold value (i.e. 20% in this paper), the EV must immediately go to a CS to charge. Otherwise the charging probability of the EV is negatively correlated with the charging state. Factors of the EV charging probability are used to evaluate the number of EVs to be charged in different time slots and can be modelled as :
4) SELECTION OF CHARGING STATION BY EV DRIVERS
According to the research presented in [19] , EV drivers will be influenced by traveling time and charging cost when they select CS to charge their vehicles. Certain researches (e.g. [34] , [35] ) established a probability model for the selection of CSs using linear models based on the price model presented in [36] . Several economists further improved the model to a non-linear one [37] . The non-linear model is considered as more suitable to represent the consumer behavior in real-world (e.g. people will not easily switch to an alternative product with a small price difference unless a threshold value is exceeded). In this paper, the willingness of the j th EV driver to choose the i th CS considering price difference is modelled by (5)- (6) .
where f (p i,t ,p t ) is a function of the charging price per kWh of the CS. The willingness to select the i th CS considering the distance is modelled by (7)- (8) .
For EV drivers who need to charge their EVs, the willingness function (which depends on the price and distance) to select a specific CS is expressed in (9) .
From the aforementioned charging willingness model, when EV drivers need to recharge their EVs, they will select a CS with the highest willingness value within the willingness value set as shown in (10) .
The willingness distribution of the EV driver versus the price difference and cost is shown in Figure2.
It can be observed in Figure 2 that most of EV drivers will not choose an alternative CS if the percentage of the price difference is low. For the distance factor, similar to the price factor, EV owners will usually not choose to charge their EV if the CS is far away from them. The situation will dramatically change when the discounted price reaches the threshold value (e.g. 0.5 $/kWh) or the distance is shorter than 2km. The willingness of EV owners will be improved significantly.
5) DYNAMIC PRICING MODEL
The dynamic pricing methodology proposed in this paper aims to facilitate renewable energy consumption near the CSs.
A number of rules are preset to make the pricing methodology more realistic:
1) If generation from renewable resources exceeds the forecasted charging demand and the charging demand is within the maximum capacity of the CS, the charging price will decrease. 2) The reduced price will not be lower than the Feed-in-Tariff (FIT) of renewable energy to ensure the motivations of CSs to participate into the pricing mechanism. 3) If the renewable generation cannot satisfy the predicted charging demand, the charging price will be maintained the same as CSs that have no renewable generation nearby or onsite. 4) In extreme circumstances where the charging demand forecast is beyond the maximum capacity of the CS, the charging price will also be kept consistent with that adopted at other CSs. To enhance users' motivations, a surplus-vs-demand based pricing model ensuring a lower price when compared with the market price is proposed in this paper.
In Eq. (11), q(t, γ i,t ) denotes the price reduction part related to the surplus-vs-demand ratio. Eq. (12) and (13) are used to ensure that the dynamic price will not be lower than the renewable FIT and not be higher than the charging price of CSs with no renewable generation. Eq. (15) is the dynamic price reduction equation.
B. OPERATION OF THE PRICING METHODOLOGY IN THE ROAD NETWORK 1) ASSUMPTIONS
CS selection behaviors are modelled in the previous section and the following assumptions are made for the operation of the proposed pricing methodology.
Assumption 1: It is assumed that the EV drivers can subscribe for charging service to obtain real-time information of the EV CSs and the EV CSs will be able to receive the charging booking requests from the EV drivers. This communication can be realized by the information management system and is realistic considering the rapid development of the charging service and the navigation apps. 
Assumption 2:
It is assumed that historical information about the renewable energy and traffic flows can be obtained from the Met Office and Transportation Bureau, respectively. The data will be processed and used for prediction in an higher level data aggregator which is implemented using cloud computer servers.
Assumption 3: It is assumed that an EV driver will choose the CS with high willingness value.
Assumption 4: It is assumed that the EV driver will go to the selected CS to charge their cars immediately after the charging requests are accepted by the CS.
Assumption 5: It is assumed that the CS near the renewable generation has the priority to use the associated renewable energy.
Assumption 6: It is assumed that the CSs in areas without renewable generation will not change their charging price, which is consistent with the regional electricity price. That is, the TOU charging price is adopted and the charging price differs in peak hours and off peak hours.
2) OPERATION OF THE PRICING METHODOLOGY
The comprehensive workflow of the proposed pricing scheme is presented in Figure 3 . The number of pricing time slots is defined as 24 or 48 for each day, and the CS will periodically broadcast messages containing information about the formulated price and the availability before and during that time. In each time slot, the price will be unchanged. Steps of the workflow are described and explained below.
Step 1: When the pricing scheme starts operating, the CS will first collect the latest data of traffic flow, renewable generation and charging price without adjustment attributed to renewable energy.
Step 2: Using the trained forecasting models and collected data, the CS will predict charging demand and renewable generation for the next time slot. In this way, the gap between the required charging capacity and CS's maximum charging capacity can be identified.
Step 3: If the analysis of Step 2 indicates that the predicted charging demand is lower than the renewable generation, the charging price will be changed by the pricing mechanism.
Step 4: The updated charging price information will be broadcasted.
Step 5: The CS will wait for charging requests from EV users.
Step 6: If there is an available charging space at the CS upon the receipt of a charging request, the space will be booked for that EV user. Otherwise, if no charging space is free, the charging request will be declined. Note that the CS will keep waiting for the charging requests if it is not fully occupied.
III. HIGHWAY TRAFFIC FLOW AND RENEWABLE ENERGY FORECAST
This section presents how highway traffic flow and renewable energy generation can be forecasted. The highly accurate forecasting methodology can assist the implementation of the proposed pricing methodology for EV CSs.
A. HIGHWAY TRAFFIC FLOW FORECAST
To predict hourly traffic flow, an artificial neural network (ANN) model is built using the historical traffic flow data from January to April in 2019 collected from the Open Data Portal of Transport Infrastructure Ireland.
Since the traffic conditions differ on weekdays and weekends, the historical traffic data is split into two parts, consisting of 65 weekdays and 21 weekends. The ANN model is a three-layer feed backward neural network with one hidden layer containing 60 neurons. The activation function of the rectified linear units is applied in the network and the L-BFGS algorithm is selected as the solver for the weight optimization because it has great performance when dealing with small datasets.
The network model uses the square error loss function L to evaluate the distance difference between the target and predicted values, which allows candidate solutions of the training procedure to be ranked and compared. Eq. (16) presents the loss function L.
where β W 2 2 is an L2-regularization term that penalizes complex models.
Simulations are performed to determine the optimal number of neurons in input and output layers for training the ANN model. The neurons of input and output layers range from 1 to 24. The coefficient of determination R 2 is selected as the evaluation score for each training.
The performance of the ANN model with different input and output neurons on weekdays and weekends is presented in Figure 4 . The y-axis represents the number of neurons in the output layer. The x-axis represents the number of neurons in the input layer. The z-axis represents the R 2 score for each training. The color of the bar represents the interval of the score (blue, R 2 < 0.8; green, 0.8 ≤ R 2 ≤ 0.85; yellow, 0.85 ≤ R 2 < 0.9; red, 0.9 ≤ R 2 < 0.95; purple, 0.95 ≤ R 2 ).
The simulation results of training the ANN model on weekdays and weekends demonstrate that the R 2 score is enhanced with more input neurons and fewer output neurons. The negative value of R 2 represents that it is practical to replace the prediction with the mean of target value for a better model. Table 1 provides a summary of the optimal number of input and output neurons with the highest R 2 score for training the ANN model.
From Table 1 , it can be found that the optimal numbers of neurons for the input and output layer are 24 and 1, regardless of weekday or weekend. The R 2 score reaches over 0.99 when the best score is specified as 1, which brings perfect training for the model.
Considering the optimal number of the input/output neurons, the historical traffic data is split into a training set and a testing set by a ratio of 7:3 for training the ANN model. Figure 5 shows a schematic diagram of data processing. Figure 6 (a) gives a prediction of hourly traffic flow on a single weekday. Figure 6 (b) presents a prediction of traffic flow on five consecutive weekdays. Figure 6 (c) shows a prediction of all weekdays. The red curve represents the prediction results, and the blue curve denotes the actual value of the target. Figure 7 (a) gives a prediction of hourly traffic flow on a single weekend day. Figure 7 (b) presents a prediction of traffic flow on a weekend. Figure 7 (c) shows a prediction of all weekends.
To comprehensively evaluate the performance of the ANN model, a numerical summary of the R 2 score of weekday and weekend predictions is conducted as shown in Table 2 . The average R 2 scores of the testing set on weekdays and weekends are calculated separately.
B. RENEWABLE ENERGY FORECAST
The proposed data processing method of finding the optimal number of input/output neurons based on ANN is also verified to be practical and precise in renewable energy (solar and wind power) prediction. The historical data of solar and wind generation are collected from an industrial park in Jiangsu, China. Figure 8 gives the prediction results of solar power for a single day and a week, respectively. Figure 9 shows the performance of the ANN model on wind power prediction. The red cure represents the prediction and the blue curve denotes the actual value of the target.
The average R 2 scores of the testing set are calculated separately for the solar and wind power prediction. Table 3 gives the statistical summary of R 2 scores for the solar and wind power prediction.
IV. CASE STUDY A. ROAD NETWORK TESTBED ESTABLISHMENT
To evaluate whether the proposed pricing methodology is effective for facilitating renewable energy and improving the usage of CSs, a testbed based on the real traffic network of Dublin's metropolitan circle is established. The traffic data is collected from the Dublin traffic agency, and the locations of CSs refer to the actual refueling stations in the area. The Dublin road network used in this paper is modelled as shown in Figure 10 .
It is assumed that a total of 13 CSs are located in the modelled road network. The number of fast-charging and slow-charging facilities of the 13 CSs and their available slots are given in Table 4 . Aiming to evaluate whether the proposed pricing methodology can facilitate the consumption of renewable energy, we assume that C4 and C13 are located in a wind-rich area (near an off-shore wind farm), C7 is within a wind-rich area (near an on-shore wind farm), and C6, C7, and C13 are in a solar-rich area (near a solar farm). Other CSs are considered as neutral, and are not near renewable resources, which means the charging price follows the TOU tariff. The TOU tariff used in this paper is shown in Table 5 . For renewable generation, the data are collected separately from a wind power project and a solar project in Ireland. The installed capacity of wind farms and PV power stations nearby and their typical hour-by-hour generation data are shown in Table 6 and Figure 11 .
It should be noted that the lowest charging price follows the FIT of renewable energy. The FITs for on-shore wind power, off-shore wind power, and solar power are given in Table 7 .
According to the forecast traffic flow information on the seven highways, we assume that 1% of the vehicles on the road are EVs that need to be charged, and their positions are generated randomly. Figure 12 presents the typical hourby-hour traffic flow data of the seven highways. It can be found that the charging peak time periods for EVs are 07:00-9:00 and 16:00-18:00.
B. NUMERICAL RESULTS OF PRICING METHODOLOGY PERFORMANCE ON ESTABLISHED TESTBED
The testbed of the Dublin traffic network is established based on the data and parameters presented in part A above. The prices of CSs in renewable-rich areas can be simulated based on the workflow and pricing methodology described in section II, and the prices of CSs are given in Figure 13 . It shows the prices of C4, C10 and C12 in wind-rich areas and the prices of C6, C7 and C13 in solar-rich areas. As illustrated in [20] , the results indicate that EV owners will select the nearest CS to charge their EV if there is no obvious change in the charging price. To explore whether the proposed pricing methodology will affect the usage of charging facilities in renewable-rich areas, the outcomes of CS selection with and without the pricing methodology are compared.
Figures 14 illustrate the change in utilization of six renewable-rich CSs for each individual time slot. Looking at the purple line, it is clear that the utilization rate of CSs C4, C6 and C7 significantly grows whilst a decrease in utilization rate is observed for C12. Besides, C10 and C13 experience both an increase and decrease in the utilization rate during specific time slots.
The amount of renewable generation consumed in each time slot by the aforementioned six CSs is reported by bar charts in Figure 15 whilst the increase rate of renewable energy consumption resulting from the application of the proposed pricing methodology is represented by the lines. Figure 15(a) shows the wind energy consumption of C4, C10 and C12 whilst Figure15(b) shows that of C6, C7 and C13.
Information for typical time slots is selected in order to analyze the impact of the proposed pricing methodology on the consumption of wind and solar energy as well as the traffic flow of EVs waiting for recharging.
In the electricity valley period from 0:00 to 08:00, renewable-rich CSs negligibly affect the traffic flow, which can be reflected by the traffic flow data between 02:00 and 03:00, as shown in Figure 16 .
The traffic flow peak period from 07:00 to 09:00 partially overlaps with the electricity peak period, when CSs C6, C7 and C13 have the greatest effect on the traffic flow. Figure 17 depicts the traffic flow data between 08:00 and 09:00.
In addition to the morning peak period, the traffic flow will also enter a peak time from 16:00 to 18:00 in the afternoon. During this period, the traffic flow is dominantly influenced by CSs C4, C6, C7 and C13, as indicated by the traffic flow data between 16:00 and 17:00 in Figure 18 .
During the electricity peak period at night from 17:00 to 21:00, only CS C4 obviously affects the traffic flow. Figure 19 demonstrates the traffic flow data between 20:00 and 21:00.
The electricity off-peak period at night lasts from 21:00 to 00:00 and CS C10 affects the traffic flow in addition to C4. The example traffic flow data between 21:00 and 22:00 is shown in Figure 20 .
In the above typical time slots, different CSs play the main role in diverting traffic flow, which is related to different levels of renewable generation, traffic condition and charging prices. The CSs that obviously change EV drivers' selection in typical time slots are listed in Table 8 .
C. ANALYSIS OF PRICING METHODOLOGY IN WIND-RICH AREAS
According to Figure 13(a) , the CSs in wind-rich areas (C4, C10 and C12) have competitive prices during three time periods 00:00-07:00, 12:00-17:00 and 19:00-00:00. As surplus wind energy usually arises at night, the CSs can facilitate wind energy consumption during 19:00-00:00. Figure 15(a) shows that C4 and C10 can increase the wind energy consumption rate by up to 82.97% and 11.72%, respectively. The reason why C12 cannot significantly improve wind energy consumption is because the wind generation capacity located near C12 is relatively small. Furthermore, as 00:00-07:00 is the electricity valley time period of TOU, and the traffic flow on the roads is at a low level, the price advantages of C4, C10 and C12 in wind-rich areas are not obvious.
During 12:00-17:00, C6, C7 and C13 in solar-rich areas also have price advantages, thus C4, C10 and C12 become less attractive to EV drivers.
In the period from 19:00 to 21:00, solar panels cannot generate any power and the price advantages of C4 and C10 are improved accordingly. As seen in Figure 19 , C4 attracts a number of EVs from the M2, M3, M4 and M7 roads. In normal conditions, EV drivers on their original roads will select the nearest CS to charge. After the pricing methodology is adopted, the EVs will move to C4 to charge due to the cost benefit. C10 is located on the M50 road, which is a motorway with low level traffic flow and is relatively far away from the road junction. The long distance has a larger negative impact on drivers' willingness and C10 thus cannot effectively influence the traffic flow (i.e. attract considerable amount of EVs from other roads) even though it has a price advantage. With reference to Figure 20 , C10 is able to affect the traffic flow by attracting more EVs from 21:00 to 00:00. This is because C10 has a greater price advantage due to higher wind generation and reduced road traffic. The attractiveness of C4 during this electricity valley period is reduced compared to 19:00-21:00 since the electricity price is the cheapest according to the TOU tariff scheme and the competitiveness of C4 on price is reduced.
D. ANALYSIS OF PRICING METHODOLOGY IN SOLAR-RICH AREAS
According to Figure 13(b) , the price advantages of C6, C7 and C13 are noticeable in the period of 07:00-17:00 and such trend is consistent with the PV generation curve. Figure15(b) shows that solar-rich CSs also facilitate solar energy consumption during 7:00-17:00 and the maximum increase rate is identified around 13:00. C6, C7 and C13 can increase the solar energy consumption by up to 59.50%, 13.19% and 14.19%, respectively. It is worth noting that C6, C7 and C13 have more competitive prices than other CSs during 07:00-13:00. More specifically, Figure 17 indicates that C6 attracts EVs from M2, M3, M7, N81 and M50 roads and these EVs are supposed to go to other CSs if the pricing methodology is not implemented. EV drivers on M4 road planning to go to C11 in normal condition are attracted to C7 whilst those on the M7 and N81 roads are attracted to C13. In this period, C6 is dominant in attracting EVs. Compared with C13, C6 is located at a transportation hub and its distance has less negative impact on drivers' willingness. Therefore, C6 can attract more EVs than C13. For both C6 and C7, the amount of solar generation is similar. However, C7 is located on the M4 road carrying the densest traffic flow, which means C7 needs to satisfy massive charging demand. This inflates the charging price of C7 and reduce its price advantage, compared to C6. In the period 13:00-17:00, CS C4, C10 and C12 are able to compete with C6, C7 and C13 from the perspective of charging price. Even though both wind-rich and solar-rich CSs have the largest price advantages during this period, C6, C7 and C13 are more competitive due to the lower FIT of renewable energy. According to Figure 9 , C4 attracts a portion of EVs from the M1 road whilst C6, C7 and C13 attract certain amount of EVs from the M2, M3, M4, M7, N81 and M50 roads. rich CSs, C7 has the least influence for traffic flow diversion because it is located in the most congested road.
During the traffic flow peak time in the afternoon from 16:00 to 17:00, C6 plays a crucial role in traffic flow diversion where a certain amount of EVs waiting for recharging are transferred from the congested M4 and M7 roads to the less busy M3 road. Although there are price advantages at C4, C10 and C12, the distance to these CSs noticeably frustrates the willingness of EV drivers, reducing their capability to divert the traffic flow. In the period 17:00-18:00, solar generation almost ceases due to the sunset and C6 no longer has a price advantage. Therefore, its capability to divert the traffic flow is dramatically weakened.
During other traffic flow off-peak periods from 9:00 to 15:00 and 15:00 to 16:00, traffic diversion is mainly accomplished by the solar-rich CS C6. Between 19:00 and 00:00, CSs C4 and C10 make the largest contribution to diverting the traffic flow. More specifically, C4 transfers a portion of EVs waiting for recharging from the M2 and M3 roads to the less congested M1 whilst C10 reduces the amount of EVs on the N81 by distributing them to the less dense M50.
In the period 00:00-07:00 when the excess wind energy needs to compensate the generation gap caused by the lack of solar power, the contribution of CSs to traffic flow diversion is not obvious. This is because there is only a small amount of EVs on the road and the charging spaces are distant from wind-rich C4, C10 and C12 which discourages the intention of EV drivers.
V. CONCLUSION
In this paper, a pricing methodology for CSs in renewablerich areas is proposed. The pricing methodology is evaluated on a testbed established using real data of the Dublin traffic network. Conclusions are made below from the perspective of facilitating renewable consumption and balancing the traffic flow.
(1) The performance of the proposed pricing methodology in terms of facilitating renewable consumption Based on the case study results, the level of renewable consumption can be improved by applying the pricing methodology. a) Improving wind and solar energy consumption In the time periods 15:00-17:00 and 19:00-00:00, wind-rich CS C4 can improve the level of wind energy consumption by up to 82.97% and the average improvement is 30.73%. The solar-rich CS C6 can increase the solar energy consumption by up to 59.50% and an average increase of 29.28% is achieved. b) Optimal time period for improving wind and solar energy consumption The price advantages of wind-rich CSs C4, C10 and C12 mainly arise when the wind speed is at the peak value in the afternoon and evening. Considering the daytime when the price advantages of solar-rich CSs are also competitive, the actual periods when the traffic is diverted to facilitate wind energy consumption are 15:00-17:00 and 19:00-00:00. In terms of solar-rich CSs C6, C7 and C13, price advantages are obtained during the daytime with a strong level of irradiation. (2) The improvement of traffic flow during peak hours and off-peak hours
The proposed pricing methodology can assist the optimization of traffic flow during peak and off-peak hours and can reflect the complementarity between wind energy and solar energy consumption. a) Morning traffic flow peak hours In the peak period between 07:00 and 09:00, CSs C6 and C13 mainly divert the traffic flow. b) Evening traffic flow peak hours During the first evening peak period from 16:00 to 17:00, CS C6 diverts the traffic flow by transferring EVs waiting for recharging from the congested M4 and M7 roads to the less dense M3 road. c) Other traffic flow periods During the off-peak periods of 09:00-15:00 and 15:00-16:00 in the daytime, traffic flow diversion is mainly realized by CS C6. In the off-peak period between 19:00 and 00:00 during the night time, CSs C4 and C10 optimize the traffic flow.
(3) Other suggestions/findings from the numerical simulation It is essential to consider the location and the traffic flow before constructing renewable-rich CSs. Restrictive requirements already exist for the realization of renewable generation. For example, off-shore infrastructure and platforms need to be built for off-shore wind farms whilst large-scale solar stations will require open terrain to accommodate a large number of solar panels. Based on the case study results, several suggestions are made for the Dublin area.
a) Wind-rich charging station
For CS C12 discussed in this paper, the total capacity of the associated wind turbines is relatively small leading to smaller competitive price advantages. It is suggested to increase the capacity of the on-shore wind turbines near C12 to enhance its capability to facilitate renewable energy consumption and traffic flow. For CSs C4 and C10 that are near off-shore wind farms, it is advised to place them as close to the road junction as possible. In this way, traffic on congested roads can be diverted to less busy roads such as M1 and M50 and off-shore wind energy consumption can be improved. b) Solar-rich charging station
In terms of CSs that are built on congested roads (e.g. C7), it is suggested to reduce the number of this type of stations when planning future infrastructure construction. CSs that are close to renewable generation and located on less congested roads (e.g. C6) should be promoted because they can easily meet the target of optimizing the traffic flow and consuming larger amount of renewable energy. c) Complementarity between wind and solar consumption In order to better facilitate renewable energy consumption and balance the traffic flow using the proposed pricing methodology, it is advised to take into account the complementarity between wind and solar consumption when planning the construction of renewable-rich CSs. Both wind-rich and solar-rich CSs should be built near the roads with convenient interconnections and appropriate traffic flow. 
